Development of effective strategies to limit the proliferation of multidrug-resistant organisms requires a thorough understanding of how such organisms spread among health care facilities. We sought to uncover the chains of transmission underlying a 2008 U.S. regional outbreak of carbapenem-resistant Klebsiella pneumoniae by performing an integrated analysis of genomic and interfacility patient-transfer data. Genomic analysis yielded a high-resolution transmission network that assigned directionality to regional transmission events and discriminated between intraand interfacility transmission when epidemiologic data were ambiguous or misleading. Examining the genomic transmission network in the context of interfacility patient transfers (patient-sharing networks) supported the role of patient transfers in driving the outbreak, with genomic analysis revealing that a small subset of patient-transfer events was sufficient to explain regional spread. Further integration of the genomic and patient-sharing networks identified one nursing home as an important bridge facility early in the outbreak-a role that was not apparent from analysis of genomic or patient-transfer data alone. Last, we found that when simulating a real-time regional outbreak, our methodology was able to accurately infer the facility at which patients acquired their infections. This approach has the potential to identify facilities with high rates of intra-or interfacility transmission, data that will be useful for triggering targeted interventions to prevent further spread of multidrug-resistant organisms.
INTRODUCTION
Infections due to multidrug-resistant organisms are a major source of health care-associated morbidity, mortality, and cost (1, 2) . Because the rate of evolution of antibiotic resistance by pathogens continues to outpace the development of new antimicrobial agents, prevention of transmission of multidrug-resistant organisms is critical to the mitigation of antibiotic resistance threats (3) . However, the development of effective prevention strategies is hindered by significant gaps in our understanding of the epidemiology of resistance transmission. In particular, although a great deal of effort has gone into elucidating optimal strategies to prevent transmission within hospitals, far less attention has been given to controlling dissemination of multidrug-resistant organisms across health care networks.
Patient sharing, which is the transfer of patients among different health care facilities, is increasingly recognized as an important mechanism by which multidrug-resistant organisms are spread across regions (4) (5) (6) (7) . In addition to modeling work that has demonstrated the potential for patient sharing to lead to regional dissemination of health careassociated pathogens (8) , several studies have used empirical data to show that transfers of patients between health care facilities affect circulating pathogen populations as well as colonization and infection rates (9) (10) (11) (12) . These reports and others have prompted coordinated regional interventions to control multidrug-resistant organisms across health care facilities (13) , with some early efforts having demonstrated impressive results (14, 15) .
Although the aforementioned studies are consistent with patientsharing networks mediating regional spread, there are few examples where the spread of multidrug-resistant organisms between facilities has been traced to the movement of specific patients (16) . In one such study, we conducted an epidemiologic investigation of an outbreak of carbapenem-resistant Klebsiella pneumoniae (CRKP) affecting 40 patients and 26 health care facilities in four adjacent counties in Indiana and Illinois (17) . Our early recognition of the outbreak and the fact that it represented the first introduction of CRKP into the region allowed us to perform a detailed review of the medical record for each case patient and assess whether patient movement between health care facilities was sufficient to explain regional spread. Strikingly, we found that virtually all case patients were linked by a patient-sharing network that connected regional acute care hospitals (ACHs), nursing homes (NHs), and long-term ACHs (LTACHs), leading us to conclude that patient sharing facilitated dissemination of CRKP across the four-county region.
The observed role of patient sharing in driving regional outbreaks raises the possibility that the analysis of patient-sharing networks can be used to guide regional infection prevention (11, 18) . However, despite providing insight into potential pathways for regional spread, there are barriers to translating insights from patient-sharing networks into targeted interventions. First, although analyses of patient-sharing networks may highlight routes of interfacility transmission, they leave hidden the relative roles of intra-and interfacility transmission on the infection burden at individual facilities, which is essential knowledge for tailoring appropriate interventions. Second, it remains unclear whether an optimal strategy for regional intervention is to target health care facilities based solely on their connectivity to other facilities, or whether other facility characteristics, such as the acuity of patient populations or local infection control practices, influence a facility's regional importance. Last, given the largely static nature of patient-sharing networks, it is unclear how useful they will be in guiding interventions targeting emerging threats, or in monitoring the impact of subsequent interventions.
Here, we explore the use of whole-genome sequencing to track the regional spread of multidrug-resistant organisms and guide regional interventions. Sequencing isolates from the aforementioned regional outbreak of CRKP (17), we achieved sufficient resolution to map interfacility transmission pathways and to distinguish between CRKP acquisitions stemming from intra-and interfacility transmission events. Examination of the genomic transmission network in the context of patient-sharing networks confirmed the role of patient sharing in the outbreak and demonstrated how a handful of patient transfers could seed a regional outbreak.
RESULTS
Genomic analysis reveals a single importation of CRKP into the region, followed by multiple transmissions into different health care facilities In our previous epidemiologic investigation, we applied pulsed-field gel electrophoresis, multilocus sequence typing, and patient-sharing network analysis to reach the conclusion that the regional outbreak of CRKP stemmed from a single introduction of sequence type 258 CRKP into the Chicago region of the United States in late 2007, followed by interfacility dissemination via patient-transfer events (17) . We began the current genomic epidemiologic investigation by first testing the hypothesis that the outbreak did stem from one introduction of CRKP into the region. The dated phylogenetic reconstruction in Fig. 1 demonstrates that all outbreak isolates could be traced back to a common ancestor dating to mid-2007. The phylogeny also indicated early branching events (CRKP clades A, B, and C in Fig. 1 ), which could be consistent with a single clonal introduction and subsequent diversification in the region or with an alternative scenario of multiple contemporaneous regional introductions of related strains. In an attempt to differentiate these two possibilities, we sequenced an additional clinical isolate that was not part of our original investigation and that represented the first CRKP-positive patient identified in the region in December 2007 ( fig. S1 ). Mapping this isolate to the phylogeny placed it very close to the root, providing support for our hypothesis that there was a single introduction of CRKP into the region ( fig. S2 ).
Genomic analysis confirmed the major role played by LTACH-A, but revealed additional distinct transmission pathways in the regional outbreak of CRKP A second major conclusion from our original outbreak investigation was the central role played by LTACH-A (17), which we inferred from its early involvement and central placement in the patient-sharing network (Fig. 2) . However, examining the phylogeny in Fig. 1 indicated that only one of the three major clades (clade A) was dominated by isolates from LTACH-A. Clade B was dominated by isolates from ACH-I, whose early involvement was not appreciated in the original outbreak investigation. Clade C comprised a mix of isolates from several facilities, including facilities K and H, which are disconnected from the rest of the patient-sharing network (Fig. 2) , and facilities O and I, which are not proximate to each other in the patient-sharing network. Thus, it appears that clade C contained isolates that traversed the region via patient movements that were not captured in our original investigation.
Genomic analysis discriminates intra-and interfacility transmission events
The phylogeny in Fig. 1 also supports the hypothesis that the outbreak strain of CRKP was imported into each facility multiple times, with varying degrees of subsequent intrafacility transmission. The five patients from ACH-O exemplified this underlying epidemiologic complexity (patients 31, 34, 35, 38, and 39 in Fig. 1 and fig. S1 ). These five patients' isolates were derived from clinical cultures that were collected over a 1-month period and that were obtained >3 days after each patient's admission to ACH-O. In the absence of the wholegenome phylogeny, this cluster of infections would likely be assumed to have stemmed from a single introduction of CRKP into ACH-O with subsequent intrafacility spread. However, the placement of these isolates into three distinct phylogenetic clusters provided strong evidence that these five cases were derived from three independent introductions into the hospital, with two subsequent intrafacility transmission events (patients 35/39 and 34/38) ( Fig. 1) .
Specific patient-transfer events support genomically inferred interfacility transmissions With the phylogenetic reconstruction in Fig. 1 demonstrating that whole-genome sequencing provided sufficient resolution to distinguish intra-and interfacility Phylogenetic and ancestral facility reconstruction was performed in BEAST using variants, indels, health care facility locations, and dates of isolation for 41 isolates from 31 patients. Colors of branches correspond to the most probable ancestral facility, with the branch thickness indicating the relative probability as compared to all other considered facilities. Numbers on branches correspond to nine predicted interfacility transmission events based on the intermixing of isolates from different facilities on the tree. Branches labeled A, B, and C highlight the early branching of outbreak isolates into subclades that have varying concordance with the patient-sharing network.
transmission events, we next set out to test the hypothesis that interfacility transmissions were due to sharing of colonized or infected patients between facilities. To this end, we extracted interfacility transmissions based on intermixing of patients' isolates from different facilities on the phylogenetic tree ( Fig. 1 ) and asked whether patients in these mixed facility subclades shared common facility exposures (Fig. 2) . In six of the nine instances (67%), patients from different facilities whose isolates clustered on the tree spent time in a common facility where crosstransmission could have occurred ( Fig. 2 and table S1 ). Moreover, by disregarding clade C, we saw an even stronger association, with five of six predictions (83%) from clades A and B having patient-sharing explanations.
Identification of epidemiologic explanations that rely on patient sharing for~70% of genomically inferred interfacility transmissions of CRKP would appear to support the hypothesis that patient sharing drove this regional outbreak. However, it is possible that the apparent concordance between the two data sets is simply due to the high density of connections in the patient-sharing network resulting in our identifying epidemiologically consistent explanations purely by chance. To investigate this possibility, we devised a permutation test whereby we tested whether patients from different facilities who were grouped on the phylogeny tended to overlap in the patient-sharing network more than would be expected by chance. The results of this permutation analysis strongly support the assertion that concordance between the genomic and patient-sharing networks is nonrandom (P = 0.001; fig. S3 ).
An NH was identified as a key bridge facility early in the CRKP regional outbreak With genomic support for the role of patient movement in the propagation of this regional outbreak of CRKP, we next sought to analyze the genomic transmission network to gain a more complete understanding of the key transmission events that mediated regional spread. Consistent with our original investigation, we observed strong support for LTACH-A playing a central role, with five of nine interfacility transmissions originating from LTACH-A (table  S1) . However, our genomic transmission network also supported a previously unappreciated role for ACH-I early in the outbreak, with a cluster of isolates from four patients in ACH-I branching away from the clade containing all LTACH-A isolates ( Fig. 1 and fig. S2 ). To understand whether and how the early branching clusters in ACH-I and LTACH-A might be connected, we reexamined the patient-sharing network to search for links between these two facilities. This inspection revealed no direct transfers of patients between LTACH-A and ACH-I. However, both LTACH-A and ACH-I had many connections with a third facility, NH-B (Fig. 2) , raising the possibility that NH-B may have played a role in the outbreak as the index facility or as an intermediary between LTACH-A and ACH-I. To test this hypothesis, we sequenced an additional set of CRKP surveillance isolates from 6 patients from NH-B and 15 patients from LTACH-A, who were not considered in our previous investigation. Supporting the connection between ACH-I and NH-B, five of the six NH-B isolates were intermixed in the phylogeny with the ACH-I cluster, with the sixth isolate falling into the LTACH-A subclade ( fig. S4 ). Updating the genomic transmission network with these isolates supported the hypothesis that NH-B played a central role early in the outbreak, potentially seeding transmission clusters in both ACH-I and LTACH-A ( fig. S4 ).
Frequency of patient transfers between facilities predicts frequency of genomically inferred CRKP transmissions
With what we now perceived to be a complete picture of the interfacility transmissions that seeded the outbreak, we next asked what determined (17) was reconstructed. Blue circles that contain numbers represent patients, gray nodes that contain letters represent facilities, and directed edges represent patients coming from or going to a given facility. Patient-transfer events consistent with the genomic transmission network (red edges) were identified by searching for common facility exposures among patients in the subclades flanking each interfacility transmission event on the tree (see Materials and Methods and table S1). Numbers on the edges correspond to the branch labels from Fig. 1 and are only shown for the six genomic linkages that can be explained by specific patient-transfer events. Note that although a single patient-sharing explanation is displayed, in many cases, more than one transfer event could explain a genetic linkage, because patients were often transferred among common sets of facilities (for example, an acute care hospital, a nursing home, and a long-term acute care hospital) as their clinical care needs changed.
the frequency of CRKP transmissions between regional facilities. In particular, we wondered whether the frequency of transmission between facilities could be predicted by the number of patients moving between those facilities, independent of knowledge of other factors such as characteristics of a facility's patient population or its infection control practices. To investigate this question, we compared the structure and density of links in the genomically inferred CRKP transmission network and the patient-sharing network (Fig. 3A) . We observed that both the structure and density of these networks were highly correlated (P = 0.027, Mantel test; Fig. 3B ), supporting the hypothesis that the density of patient transfers alone was predictive of interfacility CRKP transmission frequency.
Real-time analysis yields accurate insights into the origin of patients' CRKP isolates Our results demonstrate that whole-genome sequencing and phylogenetic analysis can be applied to infer both intra-and interfacility transmissions of CRKP during a regional outbreak (Fig. 3) . Although this points to the utility of such an approach for retrospective studies of outbreaks, we next asked whether the analytical approach that we took here could be applied to study an outbreak in real time. To test this hypothesis, we evaluated how well we could predict the facility of origin for each patient's CRKP isolate when using only isolates from other patients that preceded that patient in the outbreak. For all cases of CRKP, we found that the prediction using only real-time data matched the prediction using the entire data set (Fig. 4) .
DISCUSSION
Here, we report on the integrated analysis of genomic and patientsharing networks for a regional outbreak of CRKP that affected 26 health care facilities in the Midwest United States over the course of a year. We found that our genomic analysis yielded a high-resolution transmission map that allowed for discrimination between intraand interfacility transmission events, provided insight into the direction of transmission between facilities, and verified the estimated date of introduction of CRKP to the region. Comparison of genomic and patient-sharing networks provided strong support for patient sharing having mediated regional spread, with most interfacility genomic linkages explainable by specific patient-transfer events. Whole-genome sequencing further allowed confirmation of key inferences from our original outbreak investigation (17) , for example, the importance of LTACH-A in amplifying and disseminating CRKP across the region. More importantly, whole-genome sequencing allowed us to extend our original findings by identifying previously unappreciated complexity, such as multiple introductions of CRKP into ACH-O, and the early role of NH-B in propagating the outbreak. Last, real-time analysis yielded insights identical to those of the full, retrospective study, highlighting the promise of whole-genome sequencing to accelerate the pace of outbreak containment interventions.
Our findings have practical implications for control of multidrugresistant organisms such as CRKP. From the standpoint of the individual health care facility, the ability of combined genomic and epidemiologic analysis to distinguish between intrafacility spread and repeated importation could facilitate implementation of the most effective infection prevention measures specific to each situation. From a regional public-health standpoint, emerging pathogen surveillance that incorporates whole-genome sequencing could help to identify facilities within a network that might be contributing disproportionally to multidrug-resistant organism spread, thus allowing targeted investigation and intervention. As shown by the example of NH-B in the present analysis, an integrated examination of genomic and patientsharing networks can lead to actionable hypotheses that are not apparent by examining either data set alone.
Whereas our analysis points to the potential of genome sequencing to aid in regional control of health care-associated pathogens, there are caveats that should be considered. First, although we studied a multidrugresistant bacterium that is endemic in many areas, we focused on its dissemination after initial introduction into one region of the United States. It will be important in future studies to evaluate how effective whole-genome sequencing is in quantifying intra-and interfacility transmission links in the more common endemic situation when a multidrug-resistant organism has had the opportunity to move between facilities many times. Although this will be more analytically challenging and will likely provide a more complex genomic and epidemiologic picture, previous investigations have shown impressive precision in tracking regional spread of pathogens over time (19) . Second, whereas CRKP in the United States is thought to be exclusively health care-associated, other antibiotic-resistant bacteria may have transmission pathways that extend into the community, potentially limiting the utility of patient-transfer networks in interpreting regional transmission events. However, we believe that the broad approach of integrating genetic and epidemiologic data to discern regional transmission pathways will be generalizable to multidrug-resistant organisms with different underlying epidemiology but will require high-quality epidemiologic data that probe the transmission pathways relevant to the organism under study. For example, we recently found that whereas health care exposures did not explain the genetic clustering of methicillinresistant Staphylococcus aureus strain USA300 bloodstream infection isolates, community factors (for example, race and ethnicity) did, which indicates that community transmission networks may be a primary driver of USA300 strain proliferation (20) . Third, our study benefited from having a relatively complete set of isolates from affected facilities. Constructing an accurate regional transmission network is dependent on having representative sampling, which may not always be possible, especially with emerging microbial threats. However, we also demonstrated how combining genomic analysis with robust epidemiologic data can mitigate the impact of incomplete sampling as well as facilitate inferences into the putative importance of facilities from which isolates are unavailable (for example, NH-B in fig. S4 ) and identify facilities for which additional epidemiologic investigation is required (for example, clade C in Fig. 1 ). Finally, although accurate interfacility transmission predictions can be made when simulating real-time availability of isolates, there are additional hurdles that will need to be surmounted. Sequencing and bioinformatics obstacles are rapidly being overcome, but effective surveillance of health care systems will require participation from all parts of the health care network, timely reporting, and an infrastructure capable of identifying and responding to dynamic threats in real time. In summary, through the integration of high-resolution molecular and epidemiologic data sets, we have built on previous large-scale analyses of health care networks (9) (10) (11) (12) and demonstrate how individual transfer events can lead to regional spread of an emerging multidrugresistant organism (in this case, CRKP). We expect that future genomic-epidemiologic investigations encompassing larger health care networks and considering endemic pathogens will further improve our understanding of how multidrug-resistant organisms permeate health care systems, which will help to guide interventions to eradicate them.
MATERIALS AND METHODS

Study design
This study was a retrospective genomic epidemiologic investigation of a regional outbreak of CRKP. The objectives of the study were (i) to evaluate the capacity of whole-genome sequencing to delineate interfacility transmission pathways for multidrug-resistant organisms, (ii) to compare genomic and patient-sharing networks to evaluate the role of patient movement in mediating the regional spread of CRKP, and (iii) to evaluate the potential for genomic surveillance of high-priority multidrug-resistant organisms to lead to actionable insights.
Whole-genome sequencing DNA was extracted with the MoBio PowerMag Microbial DNA kit and prepared for sequencing on an Illumina MiSeq instrument using the NEBNext Ultra kit and sample-specific barcoding. Library preparation and sequencing were performed at the Center for Microbial Systems at the University of Michigan. Quality of reads was assessed with FastQC (21), and Trimmomatic (22) was used for trimming adapter sequences and low-quality bases. Assemblies were performed using the A5 pipeline with default parameters (23) .
Variants were identified by (i) mapping filtered reads to the assembled H-1 genome (see table S2) using the Burrows-Wheeler short-read aligner, (ii) discarding polymerase chain reaction duplicates with Picard, and (iii) calling variants with SAMtools and bcftools. Variants were filtered from raw results using GATK's VariantFiltration (QUAL, >100; MQ, >50; >10 reads supporting variant; and FQ, <0.025). In addition, a custom python script was used to filter out single-nucleotide variants that were (i) <5 base pairs (bp) in proximity to indels, (ii) <10 bp in proximity to another variant, (iii) not present in the core genome, or (iv) in a recombinant region identified by Gubbins ( fig. S5) (24) . Large genomic deletions were identified from mapped reads using bedtools, with 5-kb nonoverlapping windows. For purposes of phylogenetic analyses, contiguous windows showing the same pattern of presence and absence across all genomes were consolidated to single deletion events.
Phylogenetic analysis
Maximum likelihood trees were constructed with variants and indels in RAxML (25) by performing a partitioned analysis wherein variants were modeled with a general-time reversible (GTR) model and indels as uncorrelated binary characters. Bootstrap analysis was performed with the number of bootstrap replicates determined using the bootstrap Genomic predictions for the origin of each patient's isolate were compared by using the complete data set and real-time subsets of the data. Real-time data subsets consisted of only isolates that predated a patient's isolate for which a prediction was being made. Patients are ordered from left to right by the date on which the specimen from which their isolate was grown was collected. The top color bar indicates the facility where the patient resided when the culture from which their carbapenem-resistant K. pneumoniae isolate was collected, the middle color bar indicates the predicted source facility by using only real-time data, and the bottom color bar indicates the predicted source facility when all data were considered. Differences from the top color bar indicate a predicted importation, and conversely, identities indicate a predicted intrafacility transmission. Note that the prediction for the first isolate is trivial, because there was no preceding isolate to link it to.
convergence test and the autoMRE convergence criteria (-N autoMRE).
Bootstrap support values were overlaid on the best-scoring tree identified during rapid bootstrap analysis (-f a).
The molecular clock hypothesis was tested among outbreak genomes using Path-O-Gen by correlating root-to-tip distance in the RAxML tree and dates of isolates ( fig. S6) (26) . Dated phylogenetic trees were constructed using BEAST v2.4.5 (27) . The data were partitioned into single-nucleotide variants and indels with a linked tree model and unlinked substitution and clock models. BEAST was run using dated tips, the GTR model of nucleotide substitution for variants, the mutation death model of substitution for indels, a strict molecular clock model for variants and indels, and a coalescent exponential population prior. The mutation death model assumes that a deletion is more likely than an insertion. To test how clock-like the variants and indels are, a lognormal relaxed clock was used with a g distribution prior (median, 0.1) on the SD. For variants and indels, the probability mass was concentrated near zero; thus, a strict clock model cannot be rejected. The coalescent exponential population prior was chosen because the marginal posterior distribution of the growth rate did not include zero, indicating that the data are not compatible with a constant population size. Isolate facility was added as a discrete trait. Three independent BEAST runs of 50 million generations, each with a burn-in of 10%, were combined to get an effective sample size (ESS) of >900 for all parameters. The maximum clade credibility consensus tree with marginal probabilities of location at each node was generated using mean heights in TreeAnnotator.
Construction and analysis of interfacility transmission networks
Regional transmission networks were constructed by first calculating the relative likelihoods of unobserved ancestral outbreak strains being associated with each facility. Ancestral reconstruction was performed using BEAST or the maximum likelihood rerooting method, as implemented in phytools (28) . The maximum likelihood approach was used in the permutation (see below and fig. S3 ) and real-time analyses (Fig. 4) because of its lower computational demands. Interfacility transmissions were extracted from the ancestrally reconstructed phylogeny if a branch connected two nodes with different ancestral state assignments, with both ancestral assignments having more than half of the marginal likelihood assigned to them. Intrafacility transmissions were tabulated as branches connecting tips to an internal node with the same ancestral state. To account for importation into facilities, the number of transmissions into a given facility was subtracted from the total intrafacility transmission count. Predictions of interfacility transmission linkages were highly concordant between BEAST and the maximum likelihood approach ( fig. S7) .
For comparison to the patient-sharing network, only interfacility links involving subclades with isolates that were uniform for the facility of isolation were considered. This decision was made to focus on interfacility transmissions that could be explained by a single patient-sharing event. To identify patient-sharing explanations for interfacility linkages, we designated source and destination subclades for each interfacility transmission extracted from the tree. Next, we examined the patientsharing network for any of the following three types of epidemiologic linkages: (i) a patient in the destination subclade having previously spent time in the source facility, (ii) a patient in the source subclade having previously spent time in the destination facility, or (iii) a patient in the destination subclade and a patient in the source subclade having both spent time in some other common facility. To evaluate whether observed concordance between genetic and patient-sharing networks was nonrandom, we devised a permutation test, wherein for each iteration, each patient in the tree was assigned another random patient's transfer history. For each of 1000 permutations, we (i) performed a new ancestral reconstruction based on each patient's new facility assignment, (ii) identified interfacility transmission links from the ancestrally reconstructed phylogeny, and (iii) determined the number of interfacility linkages with patient-sharing explanations.
Statistical analysis
Applied statistical tests included Pearson correlation analysis for testing the molecular clock hypothesis, Mantel tests for comparing the structure of patient-sharing and genomic networks, and custom permutation tests for evaluating the capacity of patient-sharing events to explain interfacility genomic linkages. All statistical analyses were performed in R.
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